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The partitioning of small molecules in cell membranes—a key parameter for pharmaceutical applications—
typically relies on experimentally-available bulk partitioning coefficients. Computer simulations provide a
structural resolution of the insertion thermodynamics via the potential of mean force, but require signifi-
cant sampling at the atomistic level. Here, we introduce high-throughput coarse-grained molecular dynamics
simulations to screen thermodynamic properties. This application of physics-based models in a large-scale
study of small molecules establishes linear relationships between partitioning coefficients and key features of
the potential of mean force. This allows us to predict the structure of the insertion from bulk experimental
measurements for more than 400,000 compounds. The potential of mean force hereby becomes an easily ac-
cessible quantity—already recognized for its high predictability of certain properties, e.g., passive permeation.
Further, we demonstrate how coarse graining helps reduce the size of chemical space, enabling a hierarchical
approach to screening small molecules.
I. INTRODUCTION
The thermodynamic partitioning of small molecules
in lipid-bilayer membrane systems is a key parame-
ter for assessing their suitability for pharmaceutical
applications.1–3 It follows that the thermodynamic parti-
tioning is extremely relevant for high-throughput screen-
ing approaches to drug discovery. Experimentally, for
different drug molecules it is typically obtained by mea-
suring the bulk concentrations of the molecules in various
systems that act as a proxy for the aqueous lipid mem-
brane systems (e.g., oil/water or Caco-2 cell assays).1,4
The same property is obtained in silico by simulating the
small molecule in an aqueous environment in the vicinity
of a lipid-bilayer membrane (Fig. 1b). Further, structural
resolution is provided by the potential of mean force,
which describes how the free energy of the system changes
as a function of certain reaction coordinates (Fig. 1c). In
the context of drug-membrane interactions, the reaction
coordinate is often the position of the molecule normal to
the membrane.1,2 Several studies have investigated drug-
membrane interactions using atomistic molecular dynam-
ics simulations of specific sets of biomolecules (e.g., amino
acids or drug molecules).5–8 Moreover, by means of an in-
tegrated measure, atomistic potentials of mean force were
shown to accurately reproduce the experimental transfer
free energies between water and membrane for different
compounds.9
However, these studies have proven to be severely
computationally expensive, with roughly 105 CPU hours
needed to estimate the potential of mean force for each
compound, even with the use of enhanced sampling tech-
niques (e.g., umbrella sampling).6,10 Given the exten-
sive computational resources required for these systems,
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a high-throughput scheme based on atomistic molecular
dynamics simulations is currently unfeasible for spanning
the large regions of chemical compound space needed
to obtain broadly applicable structure-property relation-
ships.
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FIG. 1. (a) This work establishes linear relationships allowing
to predict key features of the potential of mean force from a
compound’s bulk water/octanol partitioning coefficient, iden-
tified from high-throughput coarse-grained simulations. (b)
Simulation setup of a small molecule (yellow) partitioning be-
tween water (light blue) and the lipid membrane (white). (c)
Potential of mean force and the three thermodynamic environ-
ments of interest: the bilayer midplane, the membrane-water
interface, and the water phase.
Coarse-grained molecular dynamics simulations pro-
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2vide a means to significantly reduce the computational
expense of fully atomistic simulations while still captur-
ing the relevant physical properties.11,12 Coarse-grained
representations of molecules result from mapping groups
of atoms to coarse-grained “pseudo-atoms” or beads.
The interaction potentials of these beads are determined
such that the essential properties of the fully atomistic
system are retained at the coarse-grained level. This usu-
ally corresponds to a smoothing of the underlying atom-
istic free-energy landscape that preserves its relevant fea-
tures, allowing for more efficient sampling. Adapting
coarse-grained molecular dynamics simulations to high-
throughput screening of chemical compounds requires
flexible and reliable mapping and force-field parameter-
ization methods. The coarse-grained Martini force field
provides a robust set of transferable force-field parame-
ters for a variety of biomolecular systems.13,14 Coarse-
grained molecules—akin to a combination of functional
groups—are constructed from a small set of bead types
that encompass a representative spectrum of partitioning
free energies between polar and apolar phases. We ex-
plore a small subset of chemical-compound space within
this model by constructing all possible combinations of
one- and two-bead molecules out of neutral bead types—
119 in total. We then evaluate the partitioning of each
compound in an aqueous lipid-bilayer system from po-
tentials of mean force and free-energy differences. Our
computational high-throughput screening scheme estab-
lishes linear relationships between key features of the
potential of mean force across compounds, allowing a
semi-quantitative estimation given the Martini represen-
tation of the compound and a single parameter: the wa-
ter/octanol partitioning coefficient—an experimentally-
accessible bulk property. Further, the 119 coarse-grained
molecules backmap to at least 465,387 different organic
small molecules ranging from 30 to 160 Da, demonstrat-
ing a significant reduction in chemical compound space
due to the limited set of bead types of the coarse-grained
model. We thus present two complementary ways to es-
timate key features of the potential of mean force for
a large number of small molecules: from coarse-grained
simulations and from linear relationships established in
this work.
II. METHODS
A. Molecular dynamics simulations
Molecular Dynamics simulations in this work were
performed in GROMACS 4.6.6,15 using the Martini
force field.16–19 We relied on the standard force field
parameters20 with an integration time step of δt = 0.02τ ,
where τ is the model’s natural unit of time.
A Parrinello-Rahman barostat21 and a stochastic
velocity-rescaling thermostat22 provided control over the
system pressure (P = 1 bar) and temperature (T =
300 K). The corresponding coupling constants were τP =
12 τ and τT = τ .
Bulk simulations consisted ofNW = 450 andNO = 336
water and octane molecules, respectively. A DOPC mem-
brane of 36 nm2 was generated by means of the INSANE
building tool23 and subsequently minimized, heated up,
and equilibrated. The total number of lipids in the
membrane was NL = 128 (64 per layer), immersed in
N ′W = 1590 water molecules. As usual when using non-
polarizable Martini water, we added an additional 10%
of antifreeze particles in the simulations containing water
molecules.17
In the case of two-bead molecules, we first considered
a representative subset of 40 coarse-grained compounds,
roughly uniformly covering a range of transfer free-
energies from water to bilayer midplane of ∆GW→M '
[−8, 14] kcal/mol. We determined the corresponding po-
tentials of mean force as a function of the distance z
of the compound from the bilayer midplane, G(z), by
means of umbrella-sampling techniques.24 We set bias-
ing potentials with a harmonic constant of k = 240
kcal/mol/nm2 every 0.1 nm along the normal to the bi-
layer midplane, for a total of 24 simulations. In each
of them, two solute molecules were placed in the mem-
brane in order to increase sampling and alleviate leaflet
area asymmetry.5,9,25 The total production time for each
umbrella simulation was 1.2 · 105 τ . We estimated the
free-energy profiles by means of the weighted histogram
analysis method,26–28 and the corresponding errors via
bootstrapping.29 The same calculations were performed
in order to determine the potentials of mean force for all
of the 14 single-bead compounds analyzed in this work.
The computational cost for the reconstruction of each
potential of mean force amounted roughly to 200 CPU
hours.
In the comparison with atomistic results5 presented
in Fig. 3 and Fig. 5, we horizontally shifted the coarse-
grained potentials of mean force by up to 0.4 nm to cor-
rect for discrepancies in the bilayer thickness between the
atomistic and the coarse-grained model, see Ref. 30.
We herein focus on calculating ∆GW→I and ∆GI→M,
the transfer free-energies between the three different
environments—water (W), interface (I), and bilayer mid-
plane (M)—along the potential of mean force, see Fig. 1c.
In terms of G(z), these are defined as ∆GW→I = G(z¯)−
G(z → ∞) and ∆GI→M = G(z = 0) − G(z¯), where
z¯ ≈ 1.8 nm is the position of the lipid-water interface
with respect to the bilayer midplane (z = 0).
The transfer free energies for all 105 coarse-grained
two-bead molecules were determined from alchemical
transformations.31 Given the excellent agreement be-
tween the two end points of a potential of mean force and
the water/octane partitioning (see Sec. III A and Fig. 2),
as already pointed out in Ref. 32, the latter was used as
a proxy for the hydrophobic core of the membrane.
For two compounds A and B, their respective wa-
ter/interface and interface/octane transfer free energies
are denoted by ∆GAW→I, ∆G
B
W→I, ∆G
A
I→O and ∆G
B
I→O.
We can relate these quantities to alchemical transforma-
3tions from A to B in fixed environments via
∆GBW→I = ∆G
A
W→I + (∆G
A→B
I −∆GA→BW ),
∆GBI→O = ∆G
A
I→O + (∆G
A→B
O −∆GA→BI ). (1)
We computed ∆GA→BI , ∆G
A→B
W and ∆G
A→B
O by
means of separate molecular dynamics simulations at the
interface, in bulk water and in bulk octane. By perform-
ing a linear sequence of such transformations covering all
105 two-bead compounds, we were able to determine the
full set of ∆GW→I and ∆GO→I analyzed in this work.
In the calculation of the ∆GA→Bj , j = I,W,O,
we employed the multistate Bennett acceptance ratio33
(MBAR), a generalization of the BAR method.34 MBAR
determines the free energy difference ∆GA→Bj by ap-
propriately combining the results obtained from simu-
lations that sample the statistical ensembles generated
by a set of interpolating Hamiltonians H(λ), λ ∈ [0, 1],
with H(λ = 0) = HA and H(λ = 1) = HB . Specifically,
we made use of 21 evenly distributed λ-points between
0 and 1 for each alchemical transformation and in each
environment (interface, water and octane). The produc-
tion time for each λ point was 2 · 104 τ in bulk water and
bulk octane and 4 · 104 τ at the interface. The cumu-
lative computational cost of performing each alchemical
transformation in water, interface and octane amounted
roughly to 60 CPU hours.
Given the spatial localization of the interface, the free
energy ∆GA→BI was computed by adding a harmonic po-
tential between the compound and the bilayer midplane
at a distance z¯ = 1.8 nm.
B. Analysis of chemical compound space
The algorithm developed by Bereau and Kremer30
for the automated parameterization of the Martini force
field was used to coarse grain approximately 3.5 mil-
lion small organic compounds, for which 465,387 were
mapped to Martini molecules consisting of one and two
beads. The list of compounds was obtained from the
Generated Database (GDB) of molecules which had up to
10 heavy (excluding Hydrogen) atoms,35,36 representing
most synthetically-feasible small organic molecules be-
tween 30 and 160 Da. The algorithm utilizes a mapping
energy function that is minimized for each molecule so as
to optimize both the number and placement of beads used
in its coarse-grained representation. The bead typing oc-
curs by assigning an existing Martini bead type that has
the best matched water/octanol partition coefficient with
that of the molecular fragment encapsulated by the bead.
The partition coefficients of these fragments are obtained
by using ALOGPS,37 a neural-network algorithm that
predicts these values given the chemical structure of the
fragment. The standard mean error associated with this
algorithm is 0.36 kcal/mol.37,38
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FIG. 2. Relationship between the two endpoints of the po-
tential of mean force (i.e., ∆GW→M = G(z = 0)−G(z →∞))
with the water/octane and water/octanol partitioning free en-
ergies, in the case of one- (1B) and two-bead (2B) compounds.
III. RESULTS
A. Linear relationships
Fig. 2 shows the excellent agreement between the two
end-points of a potential of mean force (i.e., ∆GW→M =
G(z = 0)−G(z → ∞)) and the water/octane partition-
ing, ∆GW→O, which illustrates that bulk octane is a good
proxy to represent the hydrophobic core of the bilayer,
as already discussed in Ref 32. A linear fit for the two
quantities provided
∆GW→O = ∆GW→M − α, (2)
α ≈ 0.28, 0.32 kcal/mol for one-bead and two-bead com-
pounds respectively, with Pearson correlation coefficients
R2 = 0.99. As described in the Methods section, this al-
lowed us to determine transfer free energies with respect
to an octane environment, later converting them to the
corresponding membrane values.
For every compound, the transfer free energies de-
picted in Fig. 1c are subject to a thermodynamic cycle
that links the three variables
∆GW→I + ∆GI→M −∆GW→M = 0. (3)
Fig. 3 illustrates the relationship between these three
transfer free energies for all 119 coarse-grained molecules
considered in this work inserted in a DOPC membrane.
In both cases of one- and two-bead compounds, beyond
the thermodynamic cycle linking ∆GW→I, ∆GI→M and
∆GW→M, we observe a collapse of the data onto two
lines, indicative of a linear relationship between these
transfer free energies. Moreover, the only difference be-
tween one- and two-bead results consists in the presence
of a simple offset (i.e., same slope) between the profiles.
As a result, the thermodynamic cycle shown in Fig. 1c
4can be reconstructed from the knowledge of a single vari-
able and the Martini bead representation of the com-
pound. The error in doing so amounts to ≈ 0.4. kcal/mol.
These relationships are validated from reference atom-
istic simulations of amino-acid side chains,5, where we
consider only atomistic compounds whose Martini repre-
sentation consists of a single bead. While most points fall
within the linear fit from the single-bead coarse-grained
data, we observe three statistically significant outliers:
asparagine (asn), isoleucine (ile), and glutamine (gln).
These molecules lie on the data corresponding to two-
bead compounds, although their Martini representation
consists of a single bead.18 The origin of such discrepan-
cies will be explained below. The comparison of atom-
istic and Martini potential of mean force for protein side-
chains was already performed in Ref.18.
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FIG. 3. (a) Transfer free energies from water to interface
∆GW→I as a function of the compound’s water/membrane
partitioning free energy, ∆GW→M. The red and orange curve
correspond to coarse-grained estimates for one-bead (1B) and
two-bead (2B) molecules, respectively. The green points
(AA) depict corresponding atomistic references of amino-
acid side chains.5 (b) Transfer free energies from interface
to the membrane ∆GI→M as a function of the compound’s
water/membrane partitioning free energy, ∆GW→M. Color
coding follows from (a). In both figures, statistically signifi-
cant outliers (see text) are marked with a label (asn, ile, and
gln).
Remarkably, the relationships between transfer free en-
ergies displayed in Fig. 3 can further be linked to a com-
pound’s water/octanol free-energy ∆GW→Ol, given its
accurate linear relation with ∆GW→M, see Fig. 2. A
fit of the data provided
∆GW→M = γ∆GW→Ol + δ, (4)
with γ = 1.70, 1.75 and δ = 2.51, 4.69 kcal/mol for one-
and two-bead compounds, with R2 = 0.97. Given a com-
pound’s experimentally determined bulk measurement
and Martini representation,30 we can thereby reconstruct
the three main points of the potential of mean force, as
shown in Fig. 4a. We rationalize these findings by noting
the suitability of the octanol environment as a proxy for
the membrane interface. Similarly, we showed the ap-
propriateness of octane for the bilayer midplane (Fig. 2).
Indeed, both water/alcohol and water/alkane coefficients
correlate with blood-brain partitioning.39 Therefore, the
relationships in Fig. 3 stem directly from the linear cor-
respondence between water/octane and water/octanol
transfer free energies (which can be deduced from the
linear relations shown in Fig. 2). From the model’s per-
spective, the linear relations are not entirely unexpected,
as Martini describes hydrophobicity by a set of equally-
sized Lennard-Jones particles, with varying well-depths.
Interestingly, these relationships also hold at the atom-
istic level. At infinite dilution, the difference in partition-
ing of a single small molecule between water and either
octane or octanol is due to a single hydrogen bond. We
suspect that, at the atomistic level, the impact of this
hydrogen bond on the partitioning behavior strongly in-
forms the linearity observed, although the exact mecha-
nism remains unclear. We further remind the reader that
the relationships presented here depend strongly on the
molecular weight (see the differences between one- and
two-bead molecules in Fig. 3). Potentials of mean force
of larger compounds6 do not follow the relationships pre-
sented in Fig. 3. Whether other relationships can be de-
termined for these molecules will be the subject of future
work.
The statistical errors displayed by the coarse-grained
simulations are marginal: less than 0.1 kcal/mol. How-
ever, a comparison of experimental measurements of the
water/octanol partitioning free energies of several hun-
dred small molecules against Martini predictions yielded
a mean-absolute error of 0.79 kcal/mol.30 Given the re-
lation between the water/octanol and water/midplane
curves of Fig. 2 we deduce from it a mean absolute error
on features of the potential of mean force of approxi-
mately 1.4 kcal/mol. Further, the error associated with
the fitted lines on Fig. 3 amounts to an overall error of
roughly 1.8 kcal/mol in reconstructing the main points
of the potential of mean force—at the bilayer midplane
and at the interface, see circles in Fig. 4a—by using as
input only the experimental water/octanol partitioning
free energy of a compound. At the atomistic level, too
few potentials of mean force are available to provide er-
rors across chemical compounds.
The linearity observed between the free-energy barrier
∆GW→I (equivalently ∆GI→M) and the water/membrane
5−9
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FIG. 4. (a) Representative potentials of mean force of vari-
ous Martini compounds as a function of the normal distance
to the bilayer midplane. The color range denotes the wa-
ter/octanol partitioning of the small molecule. Large circles
correspond to estimates from the thermodynamic relation ex-
tracted in this work. (b) Two dimensional map of the free
energy surface G(z,∆GW→M) for a small molecule, as a func-
tion of its distance from the DOPC bilayer midplane z and
its membrane/water partitioning free energy ∆GW→M.
partitioning free-energy ∆GW→M suggests the possibility
of looking for an approximately smooth two dimensional
free-energy surface G(z,∆GW→M) across chemical space,
hence as a function of ∆GW→M as well as of the distance
from the bilayer midplane z.
In the case of two-bead coarse-grained molecules, we
then constructed a two dimensional map of the free-
energy surface G(z,∆GW→M) starting from the set of
40 potentials of mean force that were determined by
means of umbrella sampling simulations, covering a range
∆GW→M ' [−8, 14] kcal/mol. Results are shown in
Fig. 4b.
The correlations shown in Fig. 3 between ∆GW→I and
∆GW→M for different compounds correspond, on this
surface, to the set of points G(z¯ = 1.8 nm,∆GW→M).
Apart from minor fluctuations, it is evident how the
overall smoothness of the surface on the lines with con-
stant z allows us to identify the existence of an average
functional relationship between ∆GW→M of a compound
and its potential of mean force G(z) for every value of
z. As an example, a small free-energy barrier located
at z ≈ 2.5 nm is present for all the compounds with
∆GW→M ∈ [−8, 0] kcal/mol. Small shifts in z may re-
sult from bilayer-thickness discrepancies between atom-
istic and coarse-grained simulations.30
In this work we focused on the reconstruction of key
features of the potential of mean force (i.e., the wa-
ter/interface and interface/membrane transfer free en-
ergies, ∆GW→I and ∆GI→M). The results shown in
Fig. 4b further suggests that a knowledge of the wa-
ter/membrane partitioning free energy of a compound,
which can be obtained from the corresponding wa-
ter/octanol one via the linear relation reported in Eq. (4),
allows for a semi-quantitative reconstruction of the whole
potential of mean force G(z).
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FIG. 5. Comparison between the atomistic potentials of mean
force of Ref. 5 (red lines) and the predictions obtained via the
linear relations presented in this work (blue squares), for the
insertion of amino-acid side chains in a DOPC membrane: (a)
threonine, (b) serine, (c) leucine, (d) cysteine, (e) isoleucine
(ile), (f) asparagine (asn).
We now quantitatively test our results by comparing
the reconstruction of the potential of mean force ob-
tained through the linear relationships presented in Fig. 3
with the atomistic results for amino-acid side chains of
Ref. 5, which map to Martini single-bead molecules. In
practice, for each compound we started from the wa-
ter/octanol partitioning free energy obtained by means
of the ALOGPS neural network,37 which was then con-
verted to a water/membrane free-energy by means of
Eq. (4). We then used the linear relations of Fig. 3
to determine the water/interface and interface/midplane
transfer free energies. Results are shown in Fig. 5. In
6the first four panels, corresponding to threonine, serine,
leucine and cysteine, our predicted free energies are in
good agreement with the atomistic results (within our 1.8
kcal/mol error estimate). Therefore, our method based
on coarse-grained simulations is capable of providing a
good approximation to key features of the atomistic po-
tential of mean force. On the other hand, by means of an
integrated measure on the potential of mean force, atom-
istic results were shown to accurately reproduce the ex-
perimental transfer free energy between water and mem-
brane for different compounds.9 The agreement between
coarse-grained predictions and atomistic/experimental
results has been already described in detail in previous
works.18,30 These results further suggest the important
role of coarse-grained models as a reasonably predictive
tool to capture the fundamental properties of biological
soft matter. In panels (e) and (f) of Fig. 5 we show the
case of isoleucine (ile) and asparagine (asn), two of the
three statistically significant outliers observed in the lin-
ear relations presented in Fig. 3. As a consequence, the
predicted free energies do not agree with the atomistic
results within our error estimate. The origin of these dis-
crepancies is very different in the two cases, and deserves
to be discussed separately. The water/membrane free en-
ergy of isoleucine lies outside the interval covered by the
Martini single-bead compounds, i.e., outside the range of
free energies in which linearity is observed, due to the
limited number of Martini beads (see Fig. 3). The intro-
duction of more apolar beads in Martini could solve this
issue, and work in this direction is in progress. In the case
of asparagine and glutamine, which display similar poten-
tials of mean force, the water/interface (and consequently
interface/membrane) free-energy is underestimated if one
uses the linear relation observed for single-bead com-
pounds (see Fig. 3 and Fig. 5, panel (f)). More inter-
estingly, the datapoints corresponding to these molecules
are in agreement with those of two-bead compounds. As
both molecules are composed by a combination of a polar
and an apolar group, this suggests that their representa-
tion in terms of spherical single-bead molecules is inca-
pable of capturing their amphipathic nature, which in
turn generates an underestimation of the predicted free-
energy barriers. Therefore, the natural coarse-grained
representation of both compounds would be that of a
two-bead molecule, as Fig. 3 suggests.
B. Coarse-graining reduces the size of chemical
compound space
Alternatively to the method presented in Sec. III A,
we identify an independent means to estimate the poten-
tial of mean force. We recently showed how the Martini
model groups molecules into fewer coarse-grained repre-
sentations, thereby effectively reducing the size of chem-
ical compound space.30 This grouping stems from the
discrete set of bead types of the Martini model, which
assigns the same representation to groups that are chem-
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FIG. 6. Histograms of 465,387 small molecules extracted from
GDB that map onto one-bead or two-bead coarse-grained
representations. (a),(c) Coarse-grained and (b),(d) atomistic
populations as a function of water/octanol partitioning free
energy. The width of the bars in (a),(c) have no physical
significance and are simply for the reader’s convenience.
ically similar. To estimate this grouping, we have coarse-
grained compounds from the Generated Database36 of
molecules up to ten heavy atoms. In Fig. 6, we show the
distributions of compounds that map to any one of the
one- and two-bead coarse-grained representations consid-
ered here, as a function of the water/octanol partitioning.
The atomistic distributions of Fig. 6b,d were obtained us-
ing the ALOGPS neural network.37 Despite the uneven
spacing of the water/octanol partitioning free energies
of the coarse-grained molecules, the atomistic distribu-
tions are roughly reproduced by the coarse-grained dis-
tributions in Fig. 6a,c, except for small artifacts in the
strongly polar regime (i.e., ∆GW→Ol & 2.0 kcal/mol). In
7total, we identified 465,387 unique molecules, represent-
ing most synthetically-feasible small organic molecules
between 30 and 160 Da. This many-to-few mapping
arises solely from the limited representability of thermo-
dynamic properties of chemical groups, rather than the
coarser structural representation (i.e., atoms to beads).
The removal of chemically and structurally specific in-
formation present in atomistic simulations is tradition-
ally viewed as a necessary drawback for access to oth-
erwise computationally prohibitive simulations. How-
ever, it is precisely this drawback that enables a sin-
gle coarse-grained simulation to be representative of a
large number of small molecules, as degenerate chemical
groups are mapped to the same bead type. As a coun-
terexample, fixing a Martini-like mapping in combination
with a non-transferable, chemically-specific parametriza-
tion (e.g., as in most bottom-up, structure-based mod-
els) would prevent any reduction in chemical space.
This work thereby introduces the ability for transferable
coarse-grained models to screen large numbers of small
molecules.
C. Permeability coefficient
Beyond the structural resolution of a large number of
compounds across a membrane interface, the present re-
sults provide valuable information for other properties of
interest. For instance, the permeability coefficient,40,41
logP—a measure for passive permeation that relies on
the potential of mean force—has been shown to bet-
ter correlate with blood-brain barrier permeability com-
pared to water/octanol partitioning (correlation of 0.7
and 0.9, respectively).6 In the framework of the inhomo-
geneous solubility-diffusion model,40,41 the permeability
coefficient logP of a compound is defined as7
1
P
=
∫ L
0
dz
exp[βG(z)]
D(z)
, (5)
where D(z) is the position-dependent diffusion coeffi-
cient. The integration boundaries correspond to the bi-
layer midplane (z = 0) and the membrane extension
(z = L).
While the computational investment of atomistic sim-
ulations prevents the estimation of the potential of mean
force for many compounds,7,42 we show that coarse-
grained simulations can provide an efficient proxy. In-
deed, as a first test of the accuracy of a coarse-grained
potential of mean force in reproducing the permeability
of a compound, we computed the logP value of manni-
tol in a DOPC membrane at T = 323K, and compared
it to reference atomistic results.6 We assumed a uniform
diffusion coefficient D(z) = D ≈ 0.85 · 10−6 cm2/s, by
performing a graphical extrapolation of the average value
reported in Ref. 6. We obtained logP = −6.35, in very
close agreement with the atomistic value of -6.62. Al-
though assuming a constant diffusion coefficient repre-
sents an approximation, D(z) was shown to be essen-
tially uniform inside the membrane environment and for
different compounds.6
IV. CONCLUSIONS
Determing the potential of mean force of the inser-
tion of a small molecule in a lipid bilayer is highly in-
formative but computationally demanding. In this work,
we employed high-throughput coarse-grained molecular
dynamics simulations in order to perform a screening
across small molecules of small molecular weight (≈ 30−
160 Da). We establish simple relationships relating the
water/octanol partitioning coefficient to key features of
the potential of mean force. More specifically, this study
allows for a semi-quantitative estimation given a widely
available experimental measurement—the water/octanol
partitioning coefficient, and the coarse-grained represen-
tation in terms of Martini beads. Reference all-atom
simulations found in the literature confirm these rela-
tionships for the range of molecular weights considered.
The potential of mean force thereby becomes an easily
accessible quantity in drug screening applications, and
may be employed in various contexts, such as predicting
permeabilities.
Further, any potential of mean force determined at the
coarse-grained level is informative of not one, but rather a
large number of small molecules. This unexpected prop-
erty arises due to the coarse-grained model’s limited num-
ber of bead types, which amounts to an identical repre-
sentation of chemically-similar molecules. From a math-
ematical perspective, the present mapping from atom-
istic to coarse-grained molecular representations is sur-
jective—“many-to-one.” The size of chemical compound
space shrinks with the properties of the coarse-grained
model. We thus foresee transferable coarse-grained mod-
els to play a role in exploring chemical compound space.
We hope that high-throughput coarse-grained molecu-
lar dynamics simulations will further bring about novel
insight into the thermodynamic properties of small
molecules in complex environments.
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